Abstract: This work aims at developing an automatic system for the control of the APS (air plasma spraying) plasma process in which some instability phenomena are present. APS is a versatile technique to produce coatings of powder material at high deposition rates. Using this technique, powder particles are injected into a plasma jet, where they are melted and accelerated towards a substrate. The coating microstructures and properties depend strongly on the characteristics of the plasma jet, which can be controlled by the adjustment of the process parameters. However, the interactions among the spray variables, render optimization and control of this process are quite complex. Understanding relationships between coating properties and process parameters is mandatory to optimize the process technique and the product quality. We are interested in this work to build an on-line control model for the APS process based on the elements of artificial intelligence and to build an emulator that replicates the dynamic behavior of the process as closely as possible.
Introduction


Since its creation, the thermal spraying continuously expands its application scope because of its potential to project very different materials (metal, ceramic, plastic, etc.) as well as different forms (powder, wire, suspension, solution, etc.) [1] [2] [3] [4] . Several types of methods have been developed to agree with industrial applications, such as the process HVOF (high velocity oxygen fuel) [5, 6] , the process APS (atmospheric plasma spraying) [7] [8] [9] and the process VLPPS (very low pressure plasma spray) [10] [11] [12] . Among these methods, the APS process is now well established in the industry and laboratory for successfully developing coatings with good quality and relatively low cost [13] [14] [15] . However, this technology suffers from some instabilities leading to subjective product quality and endures a lack of understanding of the relationship between the operating parameters and the characteristics of in-flight particles. As a reminder, during the APS spraying, the arc root instability phenomena, the electrode erosion, the instability of the operating parameters cannot be completely eliminated [16, 17] . Further, it is still difficult to correctly measure and control these parameters.
With the developing technology of diagnostic tools that can be used in a hostile environment (as in the case of APS process), an effective control of APS process in closed-loop can be considered and requires the development of an expert system consisting of ANNs (artificial neural networks) and FLC (fuzzy logic) controlling. The ANNs have been developed in several application fields and now also in plasma spraying area [18] [19] [20] . FLC controlling is an extension of boolean logic based on the mathematical theory of fuzzy sets [21] [22] [23] .
In this work, the deal is first to build an on-line control model for the APS process based on the elements of artificial intelligence and second, to build an emulator that replicates the dynamic behavior of the process as closely as possible. Further, the ANNs will be combined with the emulator for constituting a big system which can monitor the process and also can automatically carry out modification action.
The system then will be tested off-line. The paper is organized as follows: Section 2 discusses the process instabilities; Section 3 introduces the practical development of the automatic system; and Section 4 presents the emulator development; and Section 5 gives the conclusions.
Process Instabilities and Their Consequences
The principle of the plasma spraying is to create a high energy plasma capable to melt the injected powder and to spray it onto the surface before re-solidification. The hottest plasma regions near the anode output can reach 15,000 °C for a velocity of 2,000 m/s [24] . In this type of d.c. (direct current) plasma torch, the arc strikes between the tip of the cathode and the concentric anode-nozzle. However, the superimposed flow influences the arc anode attachment column, thus, the arc exhibits a complex and unstable shape. As an immediate consequence, highly transient dynamic phenomena occur in arc voltage following by strong fluctuations in the plasma flow leading also to modifications in both the temperature and the velocity fields. In this context, the stability of the plasma is one of the most important factors for the quality of the sprayed coating since it leads to variations in particle heating, acceleration and trajectories.
Different instabilities in the d.c. plasma torch can be considered depending on their characteristic time as shown in Fig. 1 :
 The first type concerns the electrode erosion with a characteristic time of 100 s, and this progressive fluctuation induces a continuous decrease of the arc voltage;  The second type is related to the instabilities in the powder feed of about 1 s which leads to a homogeneous, discontinuous or pulsed distribution of the powder;
 The third type is around 10 s due to the arc root fluctuations which implies instantaneous variations of the electrical power and related plasma properties such as temperature and velocity.
The objective of this work is to develop an automatic system in order to at least stabilize the process and improve its reproducibility.
Practical Development of the Automatic System
Based on the on-line control via particle temperature and velocity, the schematic of the developed expert system is presented in Fig 2. Two aspects are combined in this approach mixing ANN for the data prediction and FLC for the process control.
In Fig. 2 , gives the working of this automatic system step by step as follows:
 Considering a given coating property (porosity level for example) as input of the first ANN module (ANN 1), predicted particle temperature and velocity are then defined as output and finally used as input in the second ANN module (ANN 2) to predict operating parameters defined as output;
 The first FLC module (FLC 1) consists in getting back measured and predicted data in order to change operating parameters since the second FLC module (FLC 2) mixes ANN 2 output with FLC 1 output, comparing the respective values with the imposed ones in order to actually modify them.
The communication between data prediction and process control is transmitted via an appropriate file composed of different experimental results (Table 1) . 
ANN
By definition, neural networks are networks of many simple processing units (called neurons) with dense parallel interconnections. Each neuron receives weighted inputs from other neurons and communicates its output to other neurons by an activation function. Neural network might be single or multilayer [25] . There is always an input layer with the number of neurons equal to the number of variables of the problem (in our case for operating parameters in Table 1 ) and an output layer with a number of neurons equal to desired number of quantities computed from the input (in our case for particle characteristics in Table 1 ). Layers (also called hidden layers) between input and output layers may contain a large number of hidden processing units. Most of the time, two hidden layers are required to be more efficient [26] and permit to justify our choice (Fig. 3) .
In order to get the right number of neurons in the two hidden layers, a balance must be found between a great training efficiency and a great testing efficiency, meaning to balance between over-fit and under-fit training rules. Iterative process is performed to minimize the absolute percentage error values. Fig. 4 presents the best training and testing performances of ANN and the corresponding numbers of neurons determined for the two hidden layers of both ANN. Table 2 reports the found data. Table 1 Variations of operating parameters and corresponding variations of particle temperature and velocity for Al 2 O 3 /13% TiO 2 powder. The trained model was then tested with the input values and the results were close to experiment values corresponding to particle temperature and velocity measured by the DPV-2000 (Tecnar, Canada). The training and the testing sets seem to be acceptable for ANN 1 focused on the particle characteristics prediction since the average error is less than 5% (Fig.  5a ). Concerning the ANN 2 dedicated to the operating parameters prediction, the average error is under 1% for the current intensity, 6% for the H 2 flow rate and 
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4% for the Ar flow rate which concludes the acceptance of this model again (Fig. 5b) .
FLC
The FLC system is a powerful system for the simulation of nonlinear behaviors with the help of FLC and linguistic rules [27] . This system is based on an expertise expressed from fuzzy rules. That means to determine selecting relevant input variables, to determine the number of fuzzy rules, their antecedents and consequents, to determine also the type of inference functions. These membership functions can be viewed as graphical representation of the magnitude of the contribution of each input on the considered result. Then, FLC can be decomposed into five successive steps ( Fig. 6 ):
(1) Uniformization of the input variables; (2) Reduction of input variables into linguistic descriptions (fuzzification step); (3) Application of the fuzzy rules via the inference module; fuzzy rules were defined from experimental data and employ fuzzy "if…then" rules; (4) Translation of linguistic data into mathematical data (defuzzication step); (5) Conversion of the mathematical data into output variables taking into account the value of gravity center.
In this model, the number of degrees was fixed at 5
because it gives the best deal between the number of fuzzy rules, the model accuracy and its response. Concerning the type of level, the output variables were determined by a triangular-shaped function because of its sensibility whereas the trapezoid-shaped was used for input variables because of its flexibility (Fig. 7) . Based on these choices, the number of fuzzy laws is then imposed by both numbers of input variables and levels being affected by each variable. Two input variables (in flight particle temperature and velocity) compose the first module FLC 1 which gives rise to 5² fuzzy laws whereas the three independent input variables (current intensity, Ar and H 2 flow rates) in the second module (FLC 2) permit to reduce the number of fuzzy laws from 5 3 to 5 1 . In relation with these definitions, the consequences of imposed fuzzy laws can be verified in plotting the graphs representing the corresponding areas ( Fig. 8 for FLC 1 and Fig. 9 for FLC 2, respectively).
As it can be observed, the area of FLC 1 corresponds to the difference between measured and predicted particle characteristics: a positive difference indicates that the measured value is higher than the predicted one. This way, the FLC1 module can rapidly get an inference. Concerning the FLC 2 module, each operating parameter is considered independent and corresponds to the difference between the measured value and the reference value provided by the ANN 2 module and the operating parameters used in FLC 1 module. This way, a positive value implies to increase the operating parameters.
Expert System
The two ANN modules are then combined with the two FLC modules in order to get the expert system. The interface of this expert system is developed using Labview.
The structure of the expert system is depicted in Fig. 10 .
Its training has been performed from experimental data (those measured on line by DPV-2000 and those found by coating analyses). This part was already reported in Ref. [28] . According to the obtained results previously detailed in Sections 1 and 2, it has been proved that this expert system succeeds in the data prediction and the off-line process control.
Emulator Development
Emulator Parameters
The emulator is based on the identification system which can be described as a measure of both the stimuli and the responses of the process. In the context of this study, the stimuli correspond to the operating parameters on-line measured and the responses are the in-flight particle characteristics also on-line measured by the DPV-2000 (Fig. 11) .
Concerning the identification system, it can be used for building the mathematical model of the dynamic system, as presented in Fig. 12 . This system precisely described in Ref. [29] uses the NLARX (nonlinear auto-regressive external) approach for properly simulating the d.c. plasma torch. The emulator was firstly trained with experimental data imported in Matlab and secondly implanted under the Labview platform. The experimental data are divided into two groups: one for the operating parameters and the other for in-flight characteristics. In this mathematical model based on NLARX principle, it is important to define the following parameters:
 The first one is called "delay" which represents the time interval between the input and the output;  The second one is called "number of terms" which is directly related to the number of inputs. Different calculations were performed to find the best compromise between these two parameters. As proved in Fig. 13 , the best one is obtained for a delay of 3 and for a number of terms of 5. Indeed, the prediction accuracy of temperature and velocity increase to reach a maximum of 71% and 80%, respectively. 
Performances of the Emulator
Thanks to this coefficients optimization, the prediction error of temperature and velocity can be estimated (Fig. 14) .
It can be noticed that an average prediction error is around 2.5% and 5% for the temperature and the velocity respectively when taking into the complete duration account. That confirms the efficiency of NLARX model in correctly modeling the plasma torch process. 
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Emulator Interface
The NLARX model was trained using Matlab and then transferred into Labview in order to elaborate the graphical programming. The main advantage of this programming comes from its facilities to be connected to the AI (artificial intelligence) system. Indeed, its outputs can be used by the AI system whereas its inputs can be replaced by the AI system outputs. This way, the off line system can be built by combining the emulator with the AI system. Fig. 15 depicts the interface of this programming. Considering given inputs, both screens show the emulator response for temperature and velocity, respectively.
Finally, the association of both expert system and emulator workings give rise to a so called "combined system" using graphical interface and Matlab code. This system allows monitoring the plasma process and then automatically modifies the operating parameters on the basis of those predicted otherwise. This complete development is presented in Fig. 16 . 
Conclusions
A control system of the plasma process was developed using Labview software by combining ANNs and FLC. ANNs can predict speed and temperature of the particles in flight with a pretty low average error (< 3%), it also correctly predicts the operating parameters with an error of 1.2% for the intensity current, 3.9% for the flow rate of argon and 6.4% for the hydrogen flow.
The FLC modules are designed to monitor the process and indicate the changes to be performed on the operating parameters to match the predictions given by the ANNs. After training this system developed from experimental data (those measured), the expert system is able to predict the fair values and realize automatic control of plasma process (currently offline). Then, an identification system established on the basis of a NLARX model was designed to simulate the operation of the plasma torch. A Matlab tool was chosen to drive the emulator (process simulator) with experimental data previously interpolated. The emulator simulates the temperature and velocity of the particles in flight with a percentage of acceptance of 72% and 83% respectively and an average difference simulation of 1% and 2%, accordingly. After this training phase, the emulator is implemented in Labview to perform system monitoring and process control.
By combining the emulator with the expert system developed in Labview, a combined system (graphical, Matlab code) is obtained which allows to monitor the plasma process and automatically change settings based on those from the prediction.
